The Drying Stream Assessment Tool and Water Flow Tracking (DrySAT-WFT) were modified to simulate the hydrological components of water loss databases (DBs) affecting stream drying phenomena. In this study, the phenomenon is defined based on a method using the 10-day minimum flow (reference Q355). Prior to identifying the method using reference Q355, the DrySAT-WFT model was calibrated and verified for its performance with the total runoff (TQ), evapotranspiration (ET), and soil moisture (SM) at 12 streamflow locations, 3 ET locations, and 58 SM locations. The average R 2 for TQ in 2005 to 2015 were 0.66 to 0.84, which demonstrates good performance. Moreover, Nash Sutcliffe model efficiency (NSE) values were 0.52 to 0.72, which are also good. After verifying the DrySAT-WFT model for hydrologic components, in order to apply the method, this study defined the drying progress which was analyzed by the stream drying index (SDI) as decision criteria. In this study, the criteria for the estimation of SDI were calculated as reference Q355 coming from the 10-day minimum flow considering only weather changes from 1976 to 2015. Then, SDI grades were determined by counting the number of days below a reference Q355 from TQ considering all water loss databases (DBs) such as weather changes, groundwater uses, forest heights, soil depths, land use, and road network. On the other hand, SDI represents how many days below the reference Q355 increased when all water loss DBs were applied, in comparison to when only weather changes were applied. The DrySAT-WFT model simulated the hydrological components of the water balance based on each water loss DB, including the application of all DBs. As a result, the change ratios for TQ were measured: −4.8% for groundwater use (GWU), −1.3% for forest height (FH), −0.3% for road network (RN), −0.1% for land use (LU) and −0.1% for soil depth (SD). Overall, TQ values decreased by -8.4%. The change ratios for ET were measured: −2.0% for GWU, +10.5% for FH, +5.6% for RN, −1.8% for LU and +0.3% for SD. Overall, the ET values increased by +14.7%. In addition, based on all water loss DBs, the SDI was evaluated for all watersheds, which intensified recently (2006)(2007)(2008)(2009)(2010)(2011)(2012)(2013)(2014)(2015). Under weather DB conditions, the average SDI was measured as 2.0 for all watersheds. Stream drying processes remained limited, requiring only monitoring. Given baseline conditions, stream drying intensified to grades of 3
Introduction
Nowadays, extreme floods and droughts caused by climate change are frequent all over the world. In particular, flooding has been widely studied as a significant phenomenon. But droughts are less known for a variety of reasons [1, 2] . Many streams undergo dramatic drying processes, ranging from complete drying to the generation of reduced but permanent water flows. Streams often dry rapidly in the dry season, leaving a series of isolated pools during the summer. These isolated stream pools can dry completely or remain in the drying phase, depending on climate change, or hydrological, groundwater pumping and geological patterns [3] . Recent droughts have changed and highlighted the identification of stream drying phenomena, leading to an increase of large-capacity irrigation wells and groundwater pumping for various purposes, e.g., life, industry, and agriculture. In the United States, from tens of thousands of high-capacity wells, a lot of water withdrawals have negatively affected the regional hydrological cycles of aquifers and streams [4] . In South Korea, 84% of small streams have recently been reported to show drying [5] , suggesting that such phenomena have been influenced by the increase of impervious areas due to urbanization and groundwater use (GWU).
Urbanized stream discharges occurring during drought seasons have been depleted because watershed hydrological cycles have been altered through the effect on impervious areas and excessive groundwater pumping. In addition, many large and small groundwater wells have been developed to fulfill the increased needs of water for agriculture and for living in urban and rural areas close to streams since 1980. In South Korea, water pumping levels in 2007 reached approximately 3735 million m 3 year −1 [6] . Furthermore, over the past several decades, dramatic climate change processes have spurred increases in temperature, and have intensified rainfall without increases in total rainfall levels in each hydrologic year; this has greatly affected watershed hydrological processes, together with land use (LU) changes. These changes have rendered water resource management more difficult, especially with more severe droughts and stream drying processes occurring, which shortens return periods. The stable provision of water resources based on an understanding of the watershed hydrological cycle is becoming more essential and must be applied to adaptation plans for future climate change [7] .
Stream drying phenomena occur when streams dry up. Not only are stream drying phenomena difficult to observe continuously, but additionally, quantitative approaches are difficult to apply due to the complex factors that cause stream drying [8] . In addition, as most stream drying phenomena occur in small rivers, it has been difficult to obtain hydrological data for small river watersheds [9] . The causes of stream drying are not clearly defined. Additionally, it is not easy to describe the dynamics. It is also difficult to spatiotemporally identify the effects of stream drying across whole areas [2] . Researchers who have studied the importance of stream drying phenomena have attempted to study e.g., increases in forest ET, excessive GWU, urbanization effects, and precipitation pattern changes; this research has, however, not been comprehensive, and the results lack spatiotemporal water volumes.
To study the long-term progression of stream drying phenomena, it is necessary to consider spatiotemporal changes occurring in the hydrological cycle affecting water loss components over a relevant period [10] . A grid-based model will be used to evaluate the stream drying progression for a specific stream within a watershed. The models are generally categorized as either lumped hydrological models, such as the SSARR (Streamflow Synthesis and Reservoir Regulation Model) and HEC-HMS (Hydrologic Modeling System); HRU (hydrological response unit)-based semidistributed models, such as the SWAT (Soil Water Assessment Tool) and SLURP (Semidistributed Land Use-based Runoff Processes); or distributed hydrological models, such as the VIC (Variable Infiltration Capacity), GRISMORM (grid-based soil moisture (SM) routing model [11, 12] ), and Vflo TM . Of these models, distributed models maximize the efficient usage of spatial meteorological and topographical data while generating results using spatial variables and data for cell-based areas. Also, they are difficult to use in ungauged areas, as weaknesses in the point data scale can be overcame through distributed models. As a result of these issues, it may be concluded that long-term hydrological routing based on continuous spatial distribution is able to quantify stream drying phenomena the most effectively. From the distributed results, the stream drying potential measured at specific locations could be elucidated.
The spatial distribution of various data is required for stream drying tracking. Large amounts of streamflow soil moisture and groundwater level historical data were collected by setting up a number of monitoring stations. Determining the way to make the best of the potentially useful information hiding behind these historical data emerges as a new scientific issue for the study of stream drying phenomena. Han et al. [12] presented a groundwater level (GWL) prediction model based on a self-organizing map, stepwise cluster inference, and AR model. Farokhnia et al. [13] examined the utility of Sea surface temperature (SST) and Sea level pressure (SLP) global data for drought forecasting using data mining and Adaptive Neurofuzzy Inference System (ANFIS) techniques and their application to the Tehran Plain in Iran. Besides predictions, other stream drying tracking techniques have also been successfully applied in the mining the stream drying data [14] [15] [16] .
The overall purpose in this study is to quantify stream drying phenomena across the whole of South Korea, including in ungauged areas. In order to do so, this study developed a tracking algorithm and a distributed model. The overall processes include the definition of water loss DBs that could be related to stream drying phenomena, DBs development for modeling, and distributed modeling, including calibration and evaluation. In particular, the evaluation process deals with analyses of changes in hydrological components coming from applying each water loss DB, defining reference Q355 and assessing the Stream Dying Index (SDI). This process calculates the SDI by counting the number of days below reference Q355 and identifying SDI grades regarding the severity of the phenomena (Figure 1 ). Finally, this study verifies the model results compared to the status report result measured by the field survey. At the end of the verification, this study proposes possible uses of the results to surpass the current method-that has the limitations of field surveys-which is the final goal in this study. 
Materials and Methods

Causes of Stream Drying Phenomena
Stream drying has caused significant problems in large and small wells, especially in sensitive catchments, where interactions between aquifers and overland flows are pronounced. Water consumption, e.g., from pumping a well near to a stream, can dry the stream or intercept water [17] . The impacts of stream drying can be adverse, as it affects river quantity and quality, as well as aquatic ecology [18] . Stream drying issues have been studied extensively by numerous researchers [19] [20] [21] [22] [23] [24] .
As one of causes of stream drying phenomena, the ET contribution of individual trees and forests is reasonably well understood, and these processes were reported recently by Landsberg and Gower [25] . Studies have largely focused on delineation processes. Marked changes in ET have nevertheless been reported with forest growth [26] [27] [28] [29] . The influence of ET is related to changes of tree and forest growth with the leaf area (LAI). Notably, LAI influences energy absorption and the interception of rainfall, and transpiration; it has also been shown to respond to tree growth [30] [31] [32] . In turn, considerable changes in water use occur with growth [27, 33] . Köstner et al. [34] reported that maximum transpiration rates in trees are significantly related to tree or crop height, stem sapwood area, stem circumference, and so on.
The processes of urbanization transform areas of agriculture or forest into impervious surfaces. In turn, water flows are redistributed by manmade structures and drainage networks, which has a significant impact on hydrological conditions [35, 36] . With ongoing urbanization, impermeable areas have expanded due to roofing and paving. Additionally, the improvement in urban storm discharge systems has intensified the concentrations of river discharges occurring during floods. In turn, declines in ordinary river discharges, spring water shortages, and the deterioration of groundwater have occurred. Furthermore, in terms of hydrological water cycles in urbanized areas, drought risks have become more severe, and the deterioration of water quality, cityscapes, and hydrophilic properties has occurred, due to the use of artificial storm drainage systems. In densely urbanized areas, the loss of water to green land and city trees will eventually lead to the deterioration of living conditions (e.g., the urban heat island phenomena) [37] .
Tromp-van Meerveld et al. [38] examined the interrelations among soil depth (SD), SM and transpiration rates observed for a studied hillslope. The study reported measurements of the SM through a total soil depth interface over a short-term period. They reported that the difference in the average SD between the two sections was found to have a more significant effect on the calculated measurement of the total water quantity at different soil depths in each normal, wet, and dry dormant season (1 May 2002).
Description of Grid-Based Continuous Hydrologic Model
A physically based, continuous, long-term, distributed parameter model has been developed to assess the impacts of stream drying phenomena. The model divides the examined river basin into rectangular grid cells. A cell consists of three layers of depth. The surface runoff, lateral flow and base flow into the stream are calculated over a horizontal basis in each cell, while rainfall, ET, infiltration and percolation are calculated over a vertical basis. The daily water budget is calculated via SM routing [39] (see the Appendix A.1).
The NRCS-CN (Natural Resource Conservation Service-Curve Number) method was used to calculate the surface runoff. The surface runoff for a given day was calculated by applying the time lag of the flow and the recession curve method from the SWAT model [40] (see the Appendix A.2). This method accounts for many of the factors affecting runoff generation including soil type, land covers and land use practice, surface condition, and antecedent moisture condition (early moisture condition of the watershed prior to the storm event of interest), incorporating them in a single curve number parameter [41] [42] [43] . So, this study adopted this method to consider a variety of conditions such as weather, soil, and land use changes. To trace the lateral flow, the subsurface flow was calculated when the SM exceeded the field capacity [44, 45] (see the Appendix A.3).
The Food and Agriculture Organization (FAO) Penman-Monteith equation was used to estimate the amount of daily ET [43] (see the Appendix A.4). There are approximately 50 methods or models available to estimate PET, but these methods or models give inconsistent values due to their different assumptions and input data requirements, or because they were often developed for specific climatic regions [46] . The Penman-Monteith method is considered the most physical and reliable method, and it is often used as a standard to verify other empirical methods. Also, this study should consider weather changes over a period of about 40 years with a variety of weather components. Thus, this ET method should be adopted to catch effects due to changes on a variety of weather components.
The leaf area index (LAI) data extracted from the satellite images were used to denote actual ET in the dynamic resistance equation [40] (see the Appendix A.5). The potential transpiration is determined from measuring atmospheric demand using pan evaporation or the Penman method [39] . The predefined crop coefficient curve does not account for the effect of water deficits, since these coefficients were established under well-watered conditions [47, 48] . Plants reduce their leaf area indexes and hence, their consumption of water, under limited water conditions. The LAI is thus a potential indicator of crop water consumption [49] . So, LAI should be considered for more potential ET.
Stream Drying Phenomena Definition
Stream drying phenomena, which are often defined as long-term declines in water levels caused by sustained factors, are key issues associated with GWU, and define the reduction in stream flow rates caused by various factors which are hydraulically related to a given stream. Many areas of South Korea are undergoing stream drying phenomena. In South Korea, these phenomena have not yet been clearly defined. Generally, stream drying has been defined as when a river is almost empty enough to expose its riverbed. Thus, no criteria for defining stream drying from river flows have been developed until now. In this study, the 10-day minimum flow was defined based on the standard criteria given by the Ministry of Land, Infrastructure, and Transport [50, 51] . When applying this hydrological definition, actual streamflow data must be measured from small rivers. However, because the flow rate of the studied rivers has not been measured, it is difficult to understand the stream drying processes of the present system. To overcome this problem, it was necessary to apply a grid-based distributed hydrologic model to predict the flow of a small river. In this study, the 10-day minimum flow (Q355) under only a weather DB as the baseline condition, as given by the Ministry of Land, Infrastructure, and Transport [50] , was used as the reference Q355. The reference Q355 was used to quantitatively analyze the severity of the stream drying phenomena, which develops a need for creating an index, called the Stream Drying Index (SDI), for the process of a drying stream. The SDI grades were determined by counting the number of days with a minimum flow less than 10 days (reference Q355) from the runoff results when applying other water loss databases (DBs) as the artificial conditions. The SDI is evaluated on an annual basis, as shown in Table 1 [50] . All water loss DBs used in this study are detailed in Appendix B. 
Description of the Study Area
The study area covers the total land area of South Korea, which located in northeastern Asia, within latitude and longitude ranges of 33 • 06 to 43 • 01 N and 124 • 04 to 131 • 05 E (Figure 2a) , respectively. The country covers an area of 99,900 km 2 , and its climate is characterized by four seasons, with heavy precipitation (PCP) occurring during the monsoon summer season (June to August). Under the influence of migratory anticyclones, the spring (March to May) and fall (September to November) seasons are characterized by particularly dry weather. Winter (December to February) is characterized by a frigid climate in comparison to the other climates observed at the same latitude due to the influence of the Siberian air mass [52] . As mentioned, the study area is the whole of South Korea. Thus, this study should check the ability to be able to cover spatial boundaries through the proposed algorithm and developed model.
For model calibration, the streamflow measured at 12 stations was used. Eddy covariance ET values measured at 3 flux towers (i.e., Seolmacheon (SMK), Cheongmicheon (CFK), and Deokyusan (DMK)) were used. To develop a model on the expected SM, we used the observed SM data from various stations. We used SM data measured by the Korea Meteorological Administration (KMA) at 9 stations, the Hydrological Survey Center (HSC) at 2 stations, K-water (Korea Water Resources Corporation) at 7 stations and the Korea Rural Development Administration (KRDA) at 40 stations (Figure 2b ).
Results and Discussion
Calibration and Validation of the Model
The model was calibrated at 12 watershed outlets using 6 years (2005-2010) of streamflow data, and verified using 5 years (2011-2015) of data with averaged calibration parameters. Table 2 summarizes the parameter values determined in the 12 study watersheds. In this study, eight , and Chogang (CG)) were selected as the model calibration points. Surlag, which is sa urface runoff-related parameter, was highly sensitive to both the peak flow and the amount of discharge. The percolation-related parameter from the soil layer to the shallow aquifer, per_rt, was sensitive to the baseflow generation. The lateral and base flow recession control parameters slp_l and slp_b affected the recession phase of the hydrograph. The coefficient of determination (R 2 ) and the Nash and Sutcliffe [53] model efficiency (NSE) were used to quantitatively assess the ability of the model to replicate temporal trends in the observed hydrological data. The R 2 values were defined as the square of the coefficient of correlation. The NSE ranged from −∞ to 1. A value of 1 (NSE = 1) corresponded to a perfect match between the modeled discharge and the observed data. A value of 0 (NSE = 0) indicated that the model predictions were as accurate as the mean of the observed data, whereas an efficiency of less than zero (NSE < 0) occurred when the observed mean was a better predictor than the model or residual variance (described by the numerator in the expression above) being larger than the data variance (described by the denominator) [54] . Moriasi et al. [54] recommend that three quantitative statistics-Nash-Sutcliffe efficiency (NSE), percent bias (PBIAS), and ratio of the root mean square error to the standard deviation of measured data (RSR), in addition to the graphical techniques-be used in model evaluation. In hydrologic modelling, the Coefficient of Determination is commonly known as the Nash-Sutcliffe efficiency [55] .
In the case of runoff, the average model efficiency, expressed as the R 2 value, was greater than 0.59. Figure 3 . The average NSE of the streamflow was typically greater than 0.50, which indicated a satisfactory simulation according to Moriasi et al. [54] .
For ET calibration, the model was calibrated and verified at 3 flux towers using 3 years (2013-2015) of ET data. It shows the daily time series and scatter plots for the simulated ET and flux tower ET over 5 years at 3 locations. The average NSE values of ET were 0.27 in SMK, 0.64 in CFK, and 0.37 in DMK. The ET was adjusted by controlling the CANMX parameter in Table 2 . The value difference was caused by the simulation values of the recession phase in the SWAT ET being lower than the observed ET values. The average R 2 values of ET were 0.43, 0.68, and 0.51, respectively. The source of the errors may be the uncertainty in the soil water consumption by plants and the lumped treatment of the soil parameters by similar units of hydrologic response in the watershed. For SM calibration, we used the measured SM values at 58 stations. The SM was calibrated using two parameters, inf_rt and per_rt, and the accuracy with respect to the observed SM was verified by the R 2 values. The R 2 values ranged from 0.20 to 0.68 for all stations, and the average was 0.51. The main errors of low accuracy may have been associated with the artificial water supply. Unlike other stations, these SM stations are located near upland crop and paddy field areas. Therefore, the observed SM was likely influenced by the agricultural water supply in addition to PCP during the irrigation period from April to June. 
Water Balance Analysis
Using the spatially calibrated and validated DrySAT-WFT model results, a water balance analysis was conducted for a forty-year to quantify the linkages between the hydrology and total water loss DBs in the study area. The vertical water budget, including ET at the surface, percolation (PERC or PC) and SM, were analyzed at the average basin scale. The horizontal water transfer was evaluated using total runoff (TQ), surface runoff (SQ), lateral flow (LQ, which originates below the surface but above the saturated zone and contributes to streamflow), and baseflow (BQ). The average annual ratios of the total runoff to precipitation over the simulation period were found to be 56.8%, 63.0%, 62.9%, and 61.8% for 1976-1985, 1986-1995, 1996-2005, and 2006-2015, respectively . Despite the gradual growth in PCP, the runoff ratio showed a gradual decline. These results showed increases in PC and SM by reducing the soil depth, a decrease in LQ by increasing the road network, a decrease in BQ by increasing groundwater use, and an increase in ET by increasing the forest height.
A monthly water balance analysis was conducted over a forty-year period . The simulated SQ, LQ, and BQ proportions of the study area to the total discharge were 63.2%, 4.8%, and 32.0%, respectively. The simulated SQ, LQ, and BQ values had significant seasonal periodicity, and were characterized by higher discharges (discharges of 65.8-176.0 mm) from June to September and a low-flow season (discharges of 23.3-50.4 mm) from October to May (Figure 4) . These results show that the total BQ proportion to the total flow (TQ) in the low-flow season had a higher proportion (59.7%) than that (19.5%) in the high-flow season. Unlike the SQ process, BQ lagged as much as the delay time. Therefore, if BQ flows into rivers for a long time in low-flow seasons, this finding might affect stream drying phenomena. 
Comparison of the Stream Drying Index (SDI) Results
Prior to assessment of SDI, the 10-day minimum flow (reference Q355) over 40 years (1976 to 2015) was evaluated as the standard flow criteria suggested by the MLIT [50] when only considering weather changes except for other each water loss DB (see the Appendix B). In other words, the standard flow represented the 10-day minimum flow (reference Q355) under natural runoff conditions. The average reference Q355 values from the 1980s (1976-1985), 1990s (1986-1995), 2000s (1996-2005) , and 2010s (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) were 0.37, 0.53, 0.48, and 0.44 mm, respectively. Next, as summarized in Figure 5 , by applying all water loss DBs from 1976 to 2015, the modeling results for the stream drying phenomena were determined. The SDI calculated the number of days below the reference Q355 using only the weather DB in a year. The counted days were determined by finding the matching days with the SDI classes from Table 1 . The SDI increased in the recent period (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) . Under the weather DB conditions, the average SDI was 2.0 for all watersheds. The drying stream maintained a weak status and required only monitoring. From the baseline, the SDI increased to 3.1 (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) , 3.2 (1986-1995) 
Verification for Severity Assessment of the Model Results
Essentially, this study was intended to extend a variety of ungauged areas based on verification in a previous study [51] . The previous study was a test-bed for small watersheds to identify the algorithm when applied to steam drying phenomena. The algorithm was verified by observing data directly for the small watersheds in the previous study. In order to extend the verifications, this study used the status survey report on stream drying phenomena [6] . The report was the result of a field survey from 2001 to 2010. Thus, it could not cover the whole of Korea; only the results for the major watersheds were presented as a middle watershed size ranged from about 90 to 2500 km 2 . Although the watershed size ranged about 7 to 500 km 2 , the model results in this study are a little different from watershed size of the status report. This study compared the accuracy of the two results, i.e., the model and the status survey report, by finding matching watersheds (Table 3) . Table 3 summarizes the accuracy of the two sets of results. The accuracy (%) was determined by the number of points classified correctly in total sample data from the confusion matrix. As clearly seen in Table 3 , the model accuracy ranged 30.4 to 71.0%. Notably, the poor accuracy in the Han and Youngsan rivers could come from the insufficient accuracy of the water uses. The Han-river is the most densely populated area in South Korea, and it uses the most living water, with a yearly average of 2,601,875 thousand. Also, Youngsan-river is the area with the most agricultural activity; as such, it uses the most agricultural water, with a yearly average 165,919 thousand tons. In basins where living and agricultural water consumption is large, it was concluded that there is a large error in actual survey report of the stream drying phenomena and modeling results due to water usage not being recorded accurately. 
Conclusions
This study tried to assess the impact on stream drying phenomena through a grid-based continuous model with spatial water loss DBs. The methods presented here included the DrySAT-WFT model, which was based on a new tracing algorithm for applying each water loss DBs. The following points are summarized as follows:
(1) The stream drying phenomena were defined with the method using the 10-day minimum flow (reference Q355) by applying only the weather DB. Additionally, the DBs that can affect the stream drying phenomena were defined as water loss DBs. Then, the water loss DBs were spatially distributed from 1976 to 2015. (2) The modified DrySAT-WFT model was calibrated and verified with the TQ, ET, and SM. To quantify these phenomena, this study used the average reference Q355 values over 40 years. The progress of the phenomena was able to be analyzed by the SDI. The SDI grades were determined by counting days less than the reference Q355 value. The reference Q355 values from the 1980s (1976-1985), 1990s (1986-1995), 2000s (1996-2005) , and 2010s (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) were 0.37, 0.53, 0.48, and 0.44 mm, respectively. Since the 1990s, the Q355 value has decreased by 16.9%. The lowest Q355 value was observed in the 1980s, which was affected by extreme droughts from 1976 to 1982. (3) The DrySAT-WFT model simulated the hydrological components of the water balance by each water loss DB, including the application of all DBs. As a result, the change ratios of TQ were −4.8% for GWU, −1.3% for FH, −0.3% for RN, −0.1% for LU and −0.1% for SD. Overall, the TQ decreased by −8.4%. The change ratios of ET were −2.0% for GWU, +10.5% for FH, +5.6% for RN, −1.8% for LU and +0.3% for SD. Overall, ET increased by +14.7%. (4) By applying all DBs, the SDI was evaluated in all watersheds. The SDI increased in the recent period (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) . Under the changing weather DB conditions, the average SDI was 2.0 in all watersheds. The drying stream maintained a weak SDI grade. From the baseline, the stream drying progress increased to grades of 3.1 (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) , 3.2 (1986-1995) , 3.3 (1996-2005 ) and 3.5 (2006-2015) in all water loss DBs.
Until now, many studies of stream drying phenomena only carried out current state evaluations, and stream drying was identified by government surveys. These surveys were not only impossible to investigate in wide areas, including ungauged areas, but also could not identify the causes of the stream drying phenomena in each watershed. When it comes to the overall purpose, once again, this study was intended to quantify stream drying phenomena in whole of South Korea, including in ungauged areas. Finally, this study tried to find the dried stream regions presented by SDI using the DrySAT-WFT model and the application of data mining. This would be the final finding of this study. It can determine the severity of the stream drying phenomena as an objective indicator, and distinguish it from the drought phenomena. Therefore, it is very important thing, because it would be possible establish suitable measures and plans for the future if vulnerability due to droughts or dried streams could be determined.
The finding of this study can be clearly distinguished from those of other similar studies. Similar studies have been conducted to identify drought phenomena. Droughts are an indicator that would suggest dried streams, but this is not clear for stream drying phenomena. In addition, it is difficult to use droughts as integrated indicators because there are many indicators that can judge several droughts. Most of all, the significant difference is that stream drying phenomena are caused by an accumulation of the influences of various factors over a long period of time, while droughts are occur at a specific time for short periods.
The results of this study are very useful in practical applications and can be used as basic information index to determine river maintenance flows for decision makers, especially in ungauged areas. In small streams of ungauged areas, no stream drying data existed, so, we haven't been able to identify the causes, and we recommend strategic countermeasures. Nevertheless, the obvious limitation of this study is the time scale concerning the stream drying index. The model is simulated based on a daily basis, but the stream drying index in this study is evaluated on a yearly basis. This could be suitable for identifying and verifying phenomena in the past. But this has limitations for current monitoring and forecasting. Therefore, in future studies, the time scale of the stream drying index must be disaggregated to determine stream dying phenomena at the current time. As another limitation, future research study would be improved if predictions could proceed in the present, rather than depending upon past evaluations. Also, this study revealed that uncertainty (variance) could occur from the reference Q355 value in the estimation process of the SDI. Although this study quantifies the uncertainty and suggests criteria regarding the reference Q355, this limitation could reduce its applicability to watershed management in practice for future studies. Thus, the techniques presented in this study should be validated in more tests before they are accepted. 
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Appendix A. Equations of Grid-Based Continuous Hydrologic Model
Appendix A. 1 
. SM Routing Equation
The daily water budget is calculated via SM routing as follows [39] :
where i represents the cell address, t represents the time (day), SM t,i represents the SM content of a cell on a given day (mm), SM t-1 represents the SM content of a cell for the previous day (mm), R t,i represents the rainfall level (mm) measured from a cell on a given day, ET t,i represents the ET levels measured from a cell on a given day (mm), Q surf,i represents the surface runoff measured from a cell on a given day (m 3 ), Q latf,i represents the lateral flow of a cell for a given day (m 3 ), Q basf,i represents the deep percolation flow of a cell on a given day (m 3 ), and A represents the cell area (m 2 ). SD affects the soil porosity and water content by percolation and can generate distinct transpiration rates. Variations in SD and total volumes of soil water stored in the soil profile at the end of the wet season spur differences in the SM content and transpiration rates [39] . The DrySAT-WFT model modifies the soil ET module with the SWAT model equations as follows: 
where E a represents the actual amount of ET occurring in the watershed on a given day (mm), E can represents the amount of evaporation from free water in the canopy on a given day (mm), E o represents the potential ET on a given day (mm), E o represents the potential ET adjusted for the evaporation of free water in the canopy (mm), LAI represents the leaf area index, cov sol represents the soil cover index, R INT(i) represents the initial amount of free water held in the canopy on a given day (mm), R INT(f) represents the final amount of free water held in the canopy on a given day (mm), E s represents the maximum level of sublimation/soil evaporation occurring on a given day (mm), E soil,z represents the evaporative demand measured at depth z (mm), E s represents the maximum level of soil water evaporation occurring on a given day (mm), and z represents the depth below the surface. Figure A3 shows the changes in SD measured by decade. Over the past 40 years (1976 to 2015), the SD has constantly decreased. The average SD values for the 1980s (1976-1985), 1990s (1986-1995), 2000s (1996-2005) , and 2010s (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) were measured as 12.1, 11.6, 11.4, and 11.2 mm, respectively. 
Appendix B.4. Land Use (LU)
The impacts of LU/land cover (LC) changes on the subsurface components of the hydrologic cycle are less understood, particularly with respect to groundwater recharge. Subsurface impacts can be significant. Groundwater is one of the largest freshwater resource in Earth's. Because of this, the reduced reliability of the surface water supply may result in an increased reliance on groundwater [59] . The above algorithm defines canopy heights according to different LUs. Such differences affect the levels of aerodynamic resistance. Therefore, the DrySAT-WFT model is modified to apply LU changes to each cell. The model reads all LU data from list files.
LUs observed in 1980 are as follows: 51.6% forests, 23.3% rice paddy farmlands, 6.3% upland croplands, and 1.3% urban areas. LUs observed in 1990 are as follows: 57.0% forests, 14.6% rice paddy farmlands, 7.2% upland croplands, and 2.6% urban areas. LUs observed in 2000 are as follows: 56.0% forests, 15.6% rice paddy farmlands, 6.0% upland croplands, and 3.8% urban areas. LUs observed in 2010 are as follows: 53.4% forests, 12.3% rice paddy farmlands, 8.0% upland croplands, and 5.4% urban areas ( Figure A4 ). 
